Abstract-Explosion of number of smartphone apps and their diversity has created a fertile ground to study behaviour of smartphone users. Patterns of app usage, specifically types of apps and their duration are influenced by the state of the user and this information can be correlated with the self-reported state of the users. The work in this paper is along the line of understanding patterns of app usage and investigating relationship of these patterns with the perceived stress level within the workplace context. Our results show that using a subject-centric behaviour model we can predict stress levels based on smartphone app usage. The results we have achieved, of average accuracy of 75% and precision of 85.7%, can be used as an indicator of overall stress levels in work environments and in turn inform stressreduction organisational policies, especially when considering interrelation between stress and productivity of workers.
I. INTRODUCTION
Studies have established that moderate levels of stress can be helpful while, excessive, chronic, and repeated exposure to stress has been associated with chronic diseases, depression, and immune disorders [1] , [2] . Prolonged exposure to stress at work has a significant negative effect on work productivity [3] , eventually leading to burnout [4] , which reduces the motivation and effectiveness of workers. Considering the intertwined relationship between stress, burnout and productivity; monitoring stress at work and understanding related factors is becoming more and more important. Even though a number of research studies [5] , [6] have investigated causes and consequences of chronic stress at work through self-reported data, there is far less work focusing on automatic detection of objective behaviour changes. In this regard, mobile technologies can play a significant role in monitoring behaviour of subjects [7] - [9] , helped by familiarity of users with these devices in one hand and their multi-modal sensing capabilities on the other.
In this paper we investigate whether it is possible to predict the stress level of the participants considering their app usage patterns. Although there have been studies investigating the usage pattern of mobile apps to predict the next app usage of subjects [10] - [14] , there has been no study focused on investigating the relationship between the pattern of mobile apps usage of the users at work and their perceived stress levels.
The results presented in this paper are based on a study of 28 workers, monitored over 6 weeks through their smartphones during their daily, real-world behaviour. Each participant was provided with a smartphone that had our data collection app installed and there were no restrictions placed upon the subjects as to particular usage or position of the phone. The purpose of the app was two fold: i) recording app usage; which is done through a continuous process of storing the active apps, their starting and ending timestamps, and their duration. ii) capturing perceived stress levels; which was done through implementation of a questionnaire on the smartphone, where subjects were prompted three times a day to answer a question in order to record their perceived stress level. Initial analysis have revealed that the most active apps, for majority of participants, are email, calendar and browsers; while, the least used apps are games apps, as one would expect in work environments. In total there were 128 unique apps recorded with an average of around 12 apps per participant and the standard deviation is 6.45. While some common characteristics for majority of subjects exist however, the app usage behaviour varies across subjects and it is this variance that we have captured and investigated its relationship with perceived stress levels. In addition, individual differences between subjects have prompted the necessity of devising individual behaviour model for each subject, rather than establishment of a group behaviour model. It should be noted that in our tests, group behaviour model resulted in a low average accuracy of 54%, reported in Section IV-B. As such, in order to efficiently predict the perceived stress level of the participants, we have focused on developing subject-centric app usage models to characterise the app usage behaviour of each of the participant. A classifier is trained on individual subject data and prediction performance is measured for each subject. The classification results are presented in Section IV-C and they show that on average, the subjects' stress level can be predicted with 75% accuracy. The results of the study could be used as an indicator of the overall level of stress in work environments and in turn inform stress-reduction policies, especially when considering interrelation between stress and productivity.
The rest of this paper is structured as follows: Section II covers a discussion on related work of this field, while description of the dataset, feature selection and model development is outlined in Section III. The experimental results are shown in Section IV and Section V summarises the results.
II. RELATED WORK
A number of authors [15] - [17] have investigated correlation between human behaviour and perceived stress at work by analysing the data derived from the smartphones data or sensors data. One of the conclusions is that there are behaviour differences before and during experience of stress, however these differences are distinct for each individual. Several studies [18] - [20] investigating the pattern of smartphone apps usage have noticed immense diversity among smartphone users in different aspects, such as, per day user interaction, application use, network traffic and energy drain. The authors of [19] have suggested to learn and adapt user specific interaction pattern with smartphones in order to improve user experience and to predict the energy consumption more accurately. A number of research papers [10] - [14] , [21] - [23] are found performing large scale analysis of the context related to mobile app use. Here, the authors have noticed strong dependencies between app usage and the contextual variables, such as, location, time and social aspects. They have shown that the rich contextual information related to the smartphone apps usage has the power to predict the next app that will be used by the user. Authors of [24] have shown that aggregated features obtained from smartphone usage data (e.g., app usage, phone call records, location information, etc) are indicators of the Big-Five personality traits (i.e., extraversion, agreeableness, conscientiousness, emotional stability and openness to experience). Analysis of application usage patterns as a mean to detect malware in smartphones is investigated in [25] and [26] . The authors show that identification of the behavioural differences between malware and human users is possible by developing a model which is trained with the dynamic app usage pattern from two major aspects: process state transitions and user operational patterns. Authors of [27] have reported that the changes in general behaviour of patients due to onset of a bipolar episode can be captured through the differences in their smartphone usage pattern. A study investigating the stress and strain of student life [28] reveals that students start the term with high positive affect and low stress, however, as the term progresses and the workload increases, stress appreciably rises.
III. METHODOLOGY

A. Collection of Data
Each of the 28 participants was provided with a smartphone, having our data collection application installed and were monitored over a period of 6 weeks, from November 2013 to December 2013. As our focus is to investigate the participants' behaviour during work, we limit the collection of app usage records only for the duration they spend at work. The timestamped records of start and end times of each active applications used by the participants are captured by our data collection app. In order to identify which applications are used by the participant, we considered those applications that are running within the time period when the screen status is on. In order to understand the subjective stress levels of the participants, a question ("what is your stress level?") was answered on a 5-point scale, where 1 indicates "very slightly or not at all" and 5 indicates "extremely". This questionnaire was implemented on the smartphones of the participants and was asked 3 times during the day, in the morning at the beginning of the work, around noon, and before leaving workplace.
B. Feature Extraction & Prediction of Stress
1) Categorisation of Apps:
In order to get a more high level understanding of the applications used by the participants during the observation window, we have divided apps into 5 categories: (i) entertainment, (ii) social networking, (iii) utility, (iv) browser, and (v) game apps. 2) Feature Selection: In order to characterize the subjectcentric app usage patterns, we have extracted a set of suitable features from the collected app usage records of the participants. Smartphone app usage behaviour is driven by factors such as popularity of apps (e.g., how many categories of apps a user visited and how is his/her attention spread), frequency and duration of app usage (e.g., how often does a user uses any application and how long is the app used), frequency of unique apps used (e.g., if the user keeps using only a few apps regularly or the list of his/her visited apps is large). Considering above criteria, a set of features (shown in Table  II ) is extracted from the app usage records of each participants that captures their usage pattern per day.
3) Prediction of stress level of a user:
User-centric model of app usage is developed by training a SVM classifier with individual app usage behaviour (features extracted from the app usage record) and participants' perceived stress levels as ground truth. The model thus trained with the user-specific app usage information is successfully able to predict the stress level of that user during the testing period. Before training each classifier, a suitable model (i.e., kernel function and the SVM parameters) is selected. Selection of kernel and tuning of the parameters of SVM are performed on the training set through the widely used cross-validation technique. This test was performed for three kernel functions: linear, RBF, and polynomial -and for various values of their relevant parameters (for example, SVM parameter soft margin constant C to controls the trade-off between maximizing the margin and minimizing the training error, RBF kernel parameter γ, and, the degree d for polynomial kernel). Cross-validation method is applied for each set of parameters. Finally, the parameters with the best cross-validation index were selected.
IV. ANALYSIS AND EXPERIMENTAL RESULTS
A. General pattern of smartphone app usage
A number of common characteristics are observed across all the participants regarding their app usage history. Figure  1 presents the relationship between average usage time and frequency for applications of each category. It can be seen that apps belonging to the browser category have high usage frequencies but lower durations per use across all participants. Apps belong to utility category are also used frequently and for a longer duration. This is something that is expected in a working environment where use of apps such as email, calendar, browser, is common. Interestingly, in case of games apps, the average duration is high, however they are used few times only. This may be due to the nature of games, where once the users begin a game they typically stay engaged for longer duration, in comparison to say calendar, browser or email apps. In the context of perceived stress at work, the relationship Fig. 1 . Average number of times apps of specific categories are used vs duration per use between the app usage patterns and perceived stress also varies for different participants. For instance, Figure 2 shows the diversity of using apps belonging to browser category and stress level of two randomly chosen participants.
B. Generic model for stress level prediction
Considering the common characteristics of app usage observed for majority of the participants, first we have focused on developing a generic group behaviour model to predict the stress level. To this end, a combined dataset is prepared by integrating the features extracted from the app usage records for all the participants. The model is developed by training a SVM classifier with a subset of this dataset defined as training data, while the remaining subset is used for testing. Here, k-fold (k=10) is used, which indicates that each subset is tested (validated) using the model trained on the remaining (k − 1) subsets with the right choice of kernel function and SVM parameters. The k results are averaged to obtain a single index. In this context, the average accuracy obtained from the generic classifier is 54%. This result indicates the limitations of using group behaviour model in predicting stress level of the participants considering their app usage history. 
C. User-centric model for stress level prediction
Considering the diversity of individual in the context of app usage, we have focused on developing user-centric model to find the correlation between app usage and perceived stress level. Here, each model is trained with the individual app usage features and his/her perceived stress level. To this end, the app usage features of each user is divided into two sets: (i) training set consists of 70% data, and (ii) test set containing the remaining 30% data. User specific models are selected by using k-fold cross-validation technique on the training sets. The validation of models is performed on the test sets. Table  III shows the stress prediction accuracy obtained through the 10-fold cross-validation during model selection process from 22 models that correspond to 22 active participants (out of 28 participants that took part in the study). While the highest accuracy is 99% and lowest accuracy is 69.2%, the table shows that an average accuracy is 88.1%. The third column of the Table III shows the stress prediction accuracy obtained from the user specific models during the validation process. While the highest accuracy is 95% and lowest accuracy is 50%, the table shows that an average accuracy is 75%.
V. CONCLUSION
The results presented in this paper have shown that patterns of smartphone app usage are highly correlated with the selfreported stress level of the users and consequently can be used to predict stress levels within the workplace context. While there is some variation across participants, on average the results we have achieved can be used as solid indicators of individual and organisation-wide stress level, without requiring any intervention from the users. Furthermore, monitoring and understanding stress level has wide-reaching implications in informing organisation of workplaces. 
